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Introduction
Corrugated steel plates without additional stiffeners are characterized by high shear buckling strength and out-of-plane flexural stiffness, having been widely used in structural engineering applications, such as large span roof, steel plate shear walls, and bridge girders (Wu et al. 2006 , He et al. 2012 , Emami et al. 2013 , Jiang et al. 2015 . The concept of replacing flat webs with corrugated webs in bridge structures was first proposed in France at 1986, then proposed a formula for predicting their nominal shear strength. Yamazaki (2001) proposed formulae for the computation of the buckling strength of corrugated webs, based on results from 6 full-scale models of steel bridge girder webs. Driver et al. (2006) tested full-scale corrugated web girders made of HPS 485W steel, assessed the effect of web initial geometric imperfections through measurements of the out-of-plane displacements, and proposed a lower bound design equation that accounts for both local and global buckling of the web in the elastic and inelastic domains. Watanabe et al. (2007) presented test results for the shear capacity of steel girders using four different trapezoidal corrugation shapes. Yi et al. (2008) studied the nature of the interactive shear buckling of corrugated webs, and concluded that the first order interactive shear buckling equation not accounting for material inelasticity provides a good estimation of the shear strength of corrugated steel webs by comparison with 15 tests and finite element analysis (FEA) results. Moon et al. (2009) presented 3 test results, described the shear strength formula previously presented by Yi et al. (2008) , and compared the proposed formula and several other formulas with results from 17 tests. Sause & Braxtan (2011) summarized previously developed formulas for predicting the shear strength of trapezoidal corrugated steel webs, along with the corresponding theory, and proposed a novel formula. Nie et al. (2013) conducted an experimental and analytical study to investigate the shear strength of trapezoidal corrugated steel webs. The experimental program involved testing eight H-shaped steel girders with trapezoidal webs. Hassanein and Kharoob (2013a, b) carried out geometrically and materially nonlinear imperfect analyses (GMNIA) of full-scale bridge girders with corrugated steel webs failing by shear, and found that when the ratio of flange's thickness to corrugated DOI: http://doi.org/10.31224/osf.io/g2z3r © 2018 by Abambres M, He J (CC BY 4.0) 4 . Neural network-based analytical model to predict the shear strength of steel girders with a trapezoidal corrugated web. engrXiv(December), 1-31, doi: http://doi.org/10.31224/osf.io/g2z3r web's thickness was greater than 3, the boundary conditions between flange and web were approximately fixed; a formula for computing the interactive shear buckling of corrugated webs under fixed boundary conditions was proposed. Leblouba et al. (2017a, b) conducted laboratory tests on a series of corrugated steel web beams to investigate their shear behaviors; three typical failure modes were observed and the failure mechanisms on the post-buckling phase were assessed; besides, five analytical models for the estimation of the critical shear buckling stress based on FE analysis results were proposed and validated against test data.
Despite all the research done on the shear behavior of steel members with corrugated webs, design codes or guidelines, with the Eurocode (2005) and JSCE (1998) as exceptions, are still lacking specifications for this type of structural elements (Papangelis et al. 2017) . Moreover, there are still many uncertainties and discrepancies associated with test data and proposed models due to many factors, including geometric imperfections of the web, material properties, shear bucking modes, and inconsistencies between the assumed test conditions and the theoretical models. In order to effectively (accurately and efficiently) estimate the shear capacity of corrugated web steel girders, this paper proposes the use of artificial neural networks (also referred in this manuscript as ANN or neural nets), a popular machine learning technique. Machine learning, one of the six disciplines of Artificial Intelligence (AI) without which the task of having machines acting humanly could not be accomplished, allows us to 'teach' computers how to perform tasks by providing examples of how they should be done (Hertzmann and Fleet 2012) . When there is abundant data (also called examples or patterns) explaining a certain phenomenon, but its theory richness is poor, machine learning can be a DOI: http://doi.org/10.31224/osf.io/g2z3r © 2018 by Abambres M, He J (CC BY 4.0) 5 . Neural network-based analytical model to predict the shear strength of steel girders with a trapezoidal corrugated web. engrXiv(December), 1-31, doi: http://doi.org/10.31224/osf.io/g2z3r perfect tool; as such, its application to the problem of shear in corrugated steel web is suitable and timely. The artificial neural network is the (i) oldest (McCulloch and Pitts 1943) and (ii) most powerful (Hern 2016) technique of machine learning. ANNs also lead the number of practical applications, virtually covering any field of knowledge (Wilamowski and Irwin 2011, Prieto et al. 2016) . In its most general form, an ANN is a mathematical model designed to perform a particular task, based in the way the human brain processes information, i.e. with the help of its processing units (the neurons). ANNs have been employed to perform several types of real-world basic tasks. Concerning functional approximation, ANN-based solutions are frequently more accurate than those provided by traditional approaches, such as multi-variate nonlinear regression, besides not requiring a good knowledge of the function shape being modelled (Flood 2008). The proposed ANN was designed based on 210 experimental results available to date in the literature (see section 2). The focus of this study was not to understand the mechanics underlying the shear behavior of corrugated steel webs, but parametric studies by means of accurate and robust ANN-based models make it possible to evaluate and improve existing mechanical models. .
Data Gathering
Many shear strength tests of I-shaped beams and girders with trapezoidal corrugated webs have been conducted. The 210-point dataset (available in Developer 2018a) used to feed the ANN software employed in this work, was assembled from the following experimental results: Lindner & Aschinge (1988) , Elgaaly et al. (1996) , Peil (1998) , Yamazaki (2001) , Sause et al. Seven independent variables were adopted as inputs in ANN simulations, as described and illustrated in Table 1 and Fig. 1 , respectively. In Fig.1(a) , a simply supported girder with corrugated steel web (height hw) is subjected to a concentrated load (Q) distanced a (shear span) from the left support, until (web) shear failure occurs. 
Introduction
The general ANN structure consists of several nodes disposed in L vertical layers (input layer, hidden layers, and output layer) and connected between them, as depicted in Fig. 2 .
Associated to each node in layers 2 to L, also called neuron, is a linear or nonlinear transfer (also called activation) function, which receives the so-called net input and transmits an output.
All ANNs implemented in this work are called feedforward, since data presented in the input layer flows in the forward direction only, i.e. every node only connects to nodes belonging to layers located at the right-hand-side of its layer, as shown in Fig. 2 . ANN's computing power makes them suitable to efficiently solve small to large-scale complex problems, which can be attributed to their (i) massively parallel distributed structure and (ii) ability to learn and generalize, i.e, produce reasonably accurate outputs for inputs not used during the learning (also called training) phase. 
Learning
Each connection between 2 nodes is associated to a synaptic weight (real value), which, together with each neuron's bias (also a real value), are the most common types of neural net unknown parameters that will be determined through learning. Learning is nothing else than determining network unknown parameters through some algorithm in order to minimize network's performance measure, typically a function of the difference between predicted and target (desired) outputs. When ANN learning has an iterative nature, it consists of three phases: 
Implemented ANN features
The 'behavior' of any ANN depends on many 'features', having been implemented 15 ANN features in this work (including data pre/post processing ones 
Network Performance Assessment
Several types of results were computed to assess network outputs, namely (i) maximum error, (ii) % errors greater than 3%, and (iii) performance, which are defined next. All 
where (i) dqp is the q th desired (or target) output when pattern p within iteration i (p=1,…, Pi)
is presented to the network, and (ii) yqLp is net's q th output for the same data pattern. Moreover, denominator in eq. (1) is replaced by 1 whenever |dqp| < 0.05dqp in the nominator keeps its predicted outputs).
Maximum Error
This variable measures the maximum relative error, as defined by eq. (1), among all output variables and learning patterns.
Percentage of Errors > 3%
This variable measures the percentage of relative errors, as defined by eq. (1), among all output variables and learning patterns, that are greater than 3%.
Performance
In functional approximation problems, network performance is defined as the average relative error, as defined in eq. (1), among all output variables and data patterns being evaluated (e.g., training, all data).
Software Validation
Several benchmark datasets/functions were used to validate the developed software, involving low-to high-dimensional problems and small to large volumes of data. Due to paper length limit, validation results are not presented herein but they were made public online (Researcher 2018b) . Tab. 5. ANN feature (F) methods used in the best combo from each parametric sub-analysis (SA). 
SA F1 F2 F3 F4 F5 F6 F7 F8 F9 F10 F11 F12 F13 F14 F15

Proposed ANN-Based Model
The proposed model is the one, among the best ones from all parametric SAs, exhibiting the lowest maximum error (SA 9). That model is characterized by the ANN feature methods {1, 2, 6, 3, 5, 5, 5, 1, 2, 3, 3, 5, 3, 1, 3} in Tabs It is worth recalling that, in this manuscript, whenever a vector is added to a matrix, it means the former is to be added to all columns of the latter (valid in MATLAB).
Input Data Preprocessing
For future use of the proposed ANN to simulate new data Y1,sim (7 x Psim matrix), concerning
Psim patterns, the same data preprocessing (if any) performed before training must be applied to the input dataset. That preprocessing is defined by the methods used for ANN features 2, 3 and 5 (respectively 2, 6 and 5see Tab. 2), which should be applied after all (eventual) qualitative variables in the input dataset are converted to numerical (using feature 1's method).
Next, the necessary preprocessing to be applied to Y1,sim, concerning features 2, 3 and 5, is fully described.
Dimensional Analysis and Dimensionality Reduction
Since dimensional analysis (d.a.) and dimensionality reduction ( 
where one recalls that operator './' divides row i in the numerator by INP(i, 2).
ANN-Based Analytical Model
Once determined the preprocessed input dataset {Y1,sim}n after (7 x Psim matrix), the next step is to present it to the proposed ANN to obtain the predicted output dataset {Y4,sim}n after (1 x Psim vector), which will be given in the same preprocessed format of the target dataset used in learning. In order to convert the predicted outputs to their 'original format' (i.e., without any transformation due to normalization or dimensional analysisthe only transformation visible will be the (eventual) qualitative variables written in their numeric representation), some Arrays Wj-s and bs are stored online in Developer (2018b) , aiming to avoid an overlong article and ease model's implementation by any interested reader.
Output Data Postprocessing
In order to transform the output dataset obtained by the proposed ANN, {Y4,sim}n after (1 x Psim vector), to its original format (Y4,sim), i.e. without the effects of dimensional analysis and/or output 
Performance Results
Finally, results yielded by the proposed ANN, in terms of performance variables defined in sub-section 3.4, are presented in this section in the form of several graphs: (i) a regression plot ( Fig. 5) where network target and output data are plotted, for each data point, as x-and ycoordinates respectivelya measure of linear correlation is given by the Pearson Correlation Coefficient (R); (ii) a performance plot (Fig. 6) , where performance (average error) values are displayed for several learning datasets; and (iii) an error plot (Fig. 7) , where values concern all data (iii1) maximum error and (iii2) % of errors greater than 3%. 
Local shear buckling
The local elastic shear buckling stress of a corrugated web can be predicted using classic plate buckling theory (Timoshenko and Gere 1961). A single parallel or inclined fold is assumed to be supported by the adjacent folds and steel flanges. The corresponding local elastic shear buckling stress, τ e cr,L is
where (i) w is the maximum fold width, max(b, c), and (ii) kL is the local shear buckling coefficient, which depends on the boundary conditions and the fold aspect ratio -kL lies between 5.34 (assuming simply supported edges) and 8.98 (assuming fixed edges). For practical design purposes, kL=5.34 is recommend by Moon et al. (2009) 
Global shear buckling
An expression for the global elastic shear buckling stress of a corrugated steel plate (τ e cr,G) was developed by Easley and McFarland (1969) using orthotropic plate theory, reading
being (i) kG, the global shear buckling coefficient, and (ii) Dx and Dy, the bending stiffnesses per unit length of the corrugated web with respect to its central principal axes x and y, respectively. Easley (1975) proposed that kG varies between 36 (assuming the web pin-ended by the flanges) and 68.4 (assuming the web fix-ended by the flanges). Elgaaly et al (1996) suggested that kG should be taken as 31.6 for simply supported boundaries and 59.2 for the clamped counterpart. Dx and Dy for trapezoidal corrugated webs can be determined as:
where Ix is the moment of inertia about the x-axis, 23 2 ( / 2) / (6sin )
Interactive shear buckling
The interactive shear buckling mode is attributed to the interaction between local and global modes and governs shear buckling strength. Lindner & Aschinger (1988) 
being exponent n an integer -several researchers have proposed distinct values (Yi et al. 2008 , Sause & Braxtan 2011 , Hassanein & Kharoob 2013a , Leblouba et al. 2017b ).
Shear strength
Previous studies (Yi et al. 2008 , Sause & Braxtan 2011 
where τy is the tangential yield stress (typically fy / √3, being fy the normal yield stress). 
In case any elastic shear buckling stress (τ e cr, G or τ e cr, L) exceeds 80% of the shear yield stress τy, its value in eq. (13) should be replaced by an inelastic counterpart given by (Elgaaly et al. 1996) It can be found that all those models underestimate the shear strength of trapezoidal corrugated web girders. For comparison, the average value of τANN /τe is 1.00, with a standard deviation of 0.00. The major improvement of the proposed ANN-based analytical model (see sub-section 3.7), as compared to the existing calculation methods, is quite clear in Fig. 9 , where x-axis shows the predicted shear capacity τmodel (τANN, τD, τEL, τSauce, τLeblouba) and the y-axis shows the 
Discussion
In future publications it will be guaranteed that the validation and testing data subsets will be composed only by points where at least one variable (does not have to be the same for all) takes a value not taken in the training subset by that same variable. Based on very recent empirical conclusions by Abambres, the author believes it will lead to more robust ANN-based analytical models concerning their generalization ability (i.e. prediction accuracy for any data point within the variable ranges of the design data). concerning all the 210 test results previously collected. Fig. 9 shows that the ANN-based approach clearly outperforms the existing calculation models assessed in this work, for the dataset considered (made available at Developer 2018a) -latter models exhibit mean errors greater than 13%.
Conclusions
The focus of this study was not to assess the mechanics underlying the behavior of corrugated web steel girders, but parametric studies by means of accurate and robust ANNbased models make it possible to evaluate and improve existing mechanical models.
